Background: Cancers, a group of multifactorial complex diseases, are generally caused by mutation of multiple genes or dysregulation of pathways. Identifying biomarkers that can characterize cancers would help to understand and diagnose cancers. Traditional computational methods that detect genes differentially expressed between cancer and normal samples fail to work due to small sample size and independent assumption among genes. On the other hand, genes work in concert to perform their functions. Therefore, it is expected that dysregulated pathways will serve as better biomarkers compared with single genes.
Background
Cancer is a type of complex diseases, which generally involves multiple gene mutations and pathway dysregulations [1, 2] . Identifying biomarkers for cancer can help to understand and diagnose diseases, which in turn helps to design drugs with effective therapy. However, it is a challenging task to detect reliable biomarkers in cancers. Recently, the accumulation of large amount of "omics" data in public databases provides an opportunity for detecting biomarkers, among which the gene expression data are widely used. Accordingly, much effort has been made to identify causal disease genes based on these data. For example, many computational methods have been developed to detect differentially expressed genes between normal and disease samples [3] [4] [5] , and these genes are supposed to be related to diseases and can be used as biomarkers. Unfortunately, many of the differentially expressed genes detected in one dataset are later found not to work effectively in another dataset for the same disease, especially for complex diseases [6] . This phenomenon may arise due to the independency assumption among disease related genes when detecting differentially expressed genes, whereas complex diseases are generally caused by the dysregulation of functional modules that consist of a set of genes [7] [8] [9] .
Due to the poor performance of biomarkers as differentially expressed genes, some approaches have been proposed to identify possible pathogenic pathways, which improves the robustness and accuracy when these pathways are used as biomarkers compared with above mentioned gene based methods [10] [11] [12] [13] [14] [15] [16] [17] [18] . For example, Lee et al. [13] proposed to use a subset of genes belonging to one pathway as biomarkers to accurately distinguish diseases from controls. Liu et al. [18] used pathways to compare different regions of Alzheimer's disease brains and found dysfunctional pathways that cooperate in different brain regions. Despite the success of these methods on some datasets, the majority of them do not consider the functional dependency between pathways. Generally, different pathways have crosstalk with each other, and the deregulation of one pathway may affect the activities of many related pathways. Therefore, it is possible to detect more reliable pathway biomarkers by taking into account the functional dependency or interaction between pathways.
In this paper, we propose a novel method to identify dysregulated pathways by considering pathway interactions. The identified dysregulated pathways can be used as candidate biomarkers to diagnose cancer. Specifically, a new approach is proposed to construct a pathway interaction network, which describes the functional dependency between pathways. Subsequently, the dysregulated pathways in cancer are identified as the best features to discriminate cancers from controls in a machine learning framework. Benchmarking our method on several distinct cancer datasets shows that our method outperforms previous state of the art methods. Furthermore, functional analysis and independent experimental evidence demonstrate that our identified dysregulated pathways are biologically reasonable, indicating the practical efficiency of the proposed method.
Methods

Datasets
Gene expression data
The gene expression datasets were obtained from the NCBI Gene Expression Omnibus (GEO) [19] . We chose four different types of cancer datasets that have balanced number of disease and control samples in each dataset. Table 1 lists the gene expression datasets that were used in this work, including lung cancer (GSE4115) [20] , prostate tumour (GSE6919) [21] , breast cancer (GSE15852) [22] , and pancreatic tumour (GSE16515) [23] . For each gene expression dataset, the annotations for probes were obtained from GEO and each probe was mapped to a gene, where the probes were discarded if they do not match any gene. The expression value averaged over probes was used as the gene expression value if the gene has multiple probes.
Subsequently, the expression values of all genes in each dataset were standardized as follows
where g ij represents the expression value of gene i in sample j, and mean(g i ) and std(g i ) respectively represents mean and standard deviation of the expression vector for gene i across all samples.
Cellular pathways and human protein-protein interactions
The predefined biological pathways were obtained from the Molecular Signatures Database (MSigDB) [24] , which is a large collection of annotated functional gene sets. We chose the canonical pathways in the curated gene sets that contain 880 pathways, including the metabolic and signaling pathways collected from BioCarta (www.biocarta.com), KEGG [25] , and Reactome [26] . The human protein-protein interactions (PPIs) were obtained from the Human Protein Reference Database (HPRD, downloaded in February 2010) [27] , which contains manually curated protein-protein interactions. The PPI data set contains 38788 protein interactions among 9630 unique human proteins.
Pathway activity and pathway interaction network Figure 1 illustrates the flowchart of our proposed method. Firstly, the pathway activity was defined based on gene expression data for each pathway. Secondly, a pathway interaction network (PIN) was constructed based on pathways and PPIs for each dataset. Thirdly, the dysregulated pathways in cancer are identified from PIN. The details were addressed as follows.
Pathway activity
All the genes were mapped to pathways extracted from MsigDB and only those genes that can be mapped to pathways were kept for further analysis hereinafter. After the genes were mapped to pathways, we defined an activity score for each pathway as the summary of the expression values of all genes belonging to this pathway. In particular, we used principal component analysis (PCA) method [28] to get the summary of all gene expressions of each pathway. The PCA technique can effectively characterize the internal structure of high-dimension dataset by preserving the variance in the data while transforming the data into low-dimension space. In brief, the activity score P kj of pathway k in sample j was defined as follows.
where z ijk represents the standardized expression value of gene i from pathway k in sample j, and w ijk denotes weight for z ijk . In other words, the activity of each pathway can be regarded as the linear combination of the expressions of all genes in the pathway, and each pathway can be regarded as a meta-gene. In particular, the first principal component from PCA was used as the activity score for the corresponding pathway here. Therefore, the pathways that have different activities in diseases between controls are possibly related to diseases.
Pathway interaction network (PIN)
A pathway interaction network (PIN) was constructed with each node representing a pathway, where one edge was laid between two pathways if they share at least one gene or there are interactions between genes from the two pathways based on PPIs. Due to the conditionspecificity of gene expression and pathway activity, for a given gene expression dataset, we further required that at least one of the common genes between two pathways is differentially expressed (student's t-test, p-value < 0.05) between diseases and controls, or the two genes that Figure 1 Schematic illustration of identifying dysregulated pathway in cancer. Firstly, gene expression profiles were standardized. Secondly, the genes were mapped to pathways. For each pathway, the principal component analysis (PCA) was employed to calculate the pathway activity score that summarizes the expression values of genes in each pathway. Thirdly, the pathway interaction network (PIN) was constructed based on gene expression data, protein-protein interactions, and cellular pathways. In the PIN, each node represents a pathway while each edge denotes the functional association between two pathways. Fourthly, the dysregulated pathways were identified as pathway markers that can best distinguish diseases from controls. The red node in PIN is the firstly identified pathway marker in disease, and the yellow ones are those pathway markers that can be combined with the first selected pathway to obtain best classification results while discriminating between diseases and controls.
code a pair of interacting proteins used to lay an edge between two pathways are highly co-expressed (Pearson's correlation coefficient, absolute value > 0.8).
Otherwise, the edge between two pathways will be removed. Therefore, a pathway interaction network was constructed for each dataset. The number of pathways and corresponding interactions in each PIN built for each dataset were shown in Table 2 .
Identifying dysregulated pathways from pathway interaction network
After defining the activity score for each pathway, we formulated the identification of dysregulated pathways as a feature selection problem in a machine learning framework, where the minimum set of pathways that can best discriminate diseases from controls were considered to be more possibly dysregulated pathways. It is reasonable and biologically interpretable to consider dysregulated pathways as discriminative features. In detail, a single pathway that can best discriminate between diseases and controls was firstly identified as the first pathway biomarker, and the second pathway that can be combined with the first pathway to get better classification results was identified from those pathways that interact with the first pathway in PIN. This procedure was repeated to add new pathways to selected pathway biomarkers until no more pathways can be added to improve classification accuracy, and the final selected pathway biomarkers were retained as potential dysregulated pathways in diseases. In feature selection, we used support vector machines (SVMs), which is a widely used kernel based method especially useful for small number of samples with high dimensional variables. In this work, the LIBSVM [29] toolbox was used with radial basis functional (RBF) kernel. The performance of the classifier was evaluated with fivefold cross validation, and AUC (Area Under ROC Curve) score was adopted as classification performance index. In the five-fold cross validation, all samples were randomly split into five equal-size subsets without overlap, four of which were used as training set while the rest one was used to evaluate the classification performance. To get robust results, we repeated fivefold cross-validation for 100 times and the average was used as the final result in each dataset.
Results
Identification of dysregulated pathways in cancer
To evaluate our method, we applied it to identify dysregulated pathways for the four cancer datasets listed in Table 1 . Moreover, we used these pathways to discriminate diseases from controls and compared our results with two classical differentially expressed gene detection methods, including the student's t-test and Biomarker identifier (BMI) method [30, 31] . In the BMI method, the differentially expressed genes were ranked by logistic regression analysis (LRA), and this method was shown to outperform other methods. The genes selected by student's t-test and BMI were respectively denoted as gene biomarkers and BMI biomarkers hereinafter. For comparison with student's t-test and BMI, we picked the same number of top ranked genes by these two methods as that of our selected pathways. Figure 2 shows the results obtained by gene biomarkers and BMI biomarkers compared with our method (denoted as PIN biomarkers). The dysregulated pathways identified by our method in four cancer datasets were respectively listed in Tables 3, 4 , 5, 6. We can clearly see from the results that our method outperforms the other two methods on all four different cancer datasets, indicating the effectiveness and efficiency of our proposed method. For example, for lung cancer dataset, our method performed very well with an AUC score of 0.82 compared against gene biomarker with an AUC score of 0.71 and BMI biomarker with an AUC score of 0.70. Except for the AUC score, we also compared the four methods with respect to accuracy, sensitivity and specificity (detailed results can be found in Additional file 1: Table S1 ). The promising results obtained by the proposed method also demonstrate that our identified pathway biomarkers are potential dysregulated pathways in cancer. Moreover, we also compared our method with one state of the art dysregulation pathway identification method, i.e., PAC (Pathway Activity inference using Condition-responsive gene activity) method, proposed by Lee et al. [13] . In the PAC method, the pathway activity was defined as a combined score of a subset of genes, called the condition-responsive genes, that yields the best discriminative score. The pathways with different discriminative power were subsequently ranked based on t-test. We performed the PAC method on above four cancer datasets. For a fair comparison, we used the same SVM toolbox and the same number of pathways identified by our method. The results of the PAC method (denoted as PAC biomarkers) were also shown in Figure 2 (detailed results can be found in Additional file 1: Table S1 ). As shown in Figure 2 , our proposed method achieved a higher AUC score than the PAC method on all four datasets. These results indicate that our proposed approach helps to improve the discriminative power by taking into account the functional dependency between pathways.
Furthermore, we compared the genes involved in our identified dysregulated pathways with those top ranked differentially expressed genes. Table 7 lists the numbers of genes involved in both our identified dysregulated pathways and those top ranked differentially expressed genes (the same number of genes as those in dysregulated pathways). It is found that only a small fraction (from 2.8% to 8.4%) of the genes in our identified dysregulated pathways overlaps with top ranked differentially expressed genes. This phenomenon implies that a pathway as an entity can better diagnose complex diseases rather than individual genes even though the genes in the pathway are not differentially expressed significantly. 
Dysregulated pathways are robust as biomarkers
To further test our method, we applied the identified dysregulated pathways from above lung cancer dataset (GSE 4115, see Table 3 ) to other four independent hold-out datasets of lung cancer (GSE2514 [32] , GSE7670 [33] , GSE10072 [34] and GSE19027 [35] ) that are from two different Affymetrix platforms, i.e., GPL8300 (HG_U95Av2) and GPL96 (HG-U133A). Note that all of these test datasets list in Table 8 are not used in above section, thereby evaluating our proposed method in an objective way. Similarly, the gene or pathway biomarkers selected from GSE4115 dataset by other methods were also applied to the four lung cancer test datasets. The same numbers of pathways or genes as that of our selected pathways were chosen for a fair comparison. The pathway biomarkers identified by our method achieved higher or comparable AUC scores compared with other methods on all four datasets. For example, in GSE19027 dataset, our pathway biomarkers got an AUC score of 0.71 compared with 0.63 by PAC biomarkers, 0.65 by BMI biomarkers and 0.52 by gene biomarkers. Figure 3 shows the results obtained with biomarkers identified by our method compared with the other three methods. Furthermore, we also compared the four methods with respect to accuracy, sensitivity and specificity. For the dataset of GSE10072, both PIN biomarkers and PAC biomarkers achieved an AUC score of 0.99 compared with 0.93 by BMI biomarkers and 0.96 by gene biomarkers. However, PIN biomarkers achieved the highest sensitivity and specificity. The detailed results can be found in Additional file 2: Table S2 . The good performance of our method on both training dataset and the four independent test dataset demonstrates that our identified dysregulated pathways can serve as robust biomarkers.
Dysregulated pathways provide insights into pathogenesis of cancer
We further investigated the five identified dysregulated pathways in pancreatic cancer (see Table 6 ). From the pathway list, we can find that some identified dysregulated pathways involve hallmark cancer genes, such as P53, NF-κB, PI3K, etc. Figure 4 shows the interactions among the five identified dysregulated pathways in PIN, including P53 signaling pathway, JNK MAPK pathway, P38 MAPK pathway, Salmonella pathway, and CDC42RAC pathway, where the last four pathways connect with each other. P53 is a well-known tumour suppressor gene, which is involved in various biological processes, including cell cycle, apoptosis and senescence, etc. [36] . Mutations that deactivate P53 were found in most tumour types, and P53 plays an important regulation role in tumour progression. Interestingly, P53 signaling pathway was identified as the top dysregulated pathway by our method. The JNK MAPK pathway interacts with P53 signaling pathway. Jun N-terminal kinase (JNK) is one of mitogen-activated protein kinase (MAPK) members and also a stress-activated protein kinase. Both P53 and JNK are two important apoptosis-regulatory factors frequently deregulated in cancer cells. They also participate in the modulation of autophagy and can be regulated by TNF alpha (tumour necrosis factor alpha), which is a soluble cytokine mediator of immune responses and involved in various biological functions. JNK and ERK mediate TNF alpha-induced P53 activation in apoptosis and autophagic activity. Another identified desregulated pathway P38 MAPK pathway is also involved in this process, where P38 is one member of the MAPK superfamily. JNK and P38 MAPK pathways that are activated by stress and inflammatory signals have crosstalk, thereby working together to affect proliferation, differentiation, survival, and migration. The P38 MAPK pathway can negatively regulate JNK activity in several contexts [37] . TNF alpha regulates the JNK and P38 MAPKs in apoptotic and autophagic process in which ERK/JNK plays a promoting role while P38 plays an inhibiting one [38] . JNK activation can also be negatively regulated by NF-κB which is widely involved in oncogenesis, cell proliferation and apoptosis, and evasion of immune responses [39] . Inhibition of NF-κB activation and sustained JNK activation promote the TNF alpha mediated cell apoptotic and suppress the tumour progression [40] . The Salmonella pathway and CDC42RAC pathway are both related to cell invasion and migration. Cdc42 gene is the common differentially expressed gene in four dysregulated pathways indicating its key role in pancreatic tumour. The CDC42RAC pathway regulates cell migration through P85 that is a subunit of PI3Ks (Phosphatidylinositol-3 kinases). P85 activates Cdc42 which affects the formation of new actin fibers and interacts with Wiskott-Aldrich syndrome protein (WASP) to stimulate migration [41] . On the other hand, activated P85 can bind to P110, another subunit of PI3K, which can activate Akt through PIP3 that serves as a second messenger. Akt plays a main role in cell survival, proliferation, Figure 4 Dysregulated pathways interaction network in pancreatic tumour dataset. In pancreatic tumour dataset (GSE16515), five dysregulated pathways were identified which can be assembled into a network based on their interactions in the pathway interaction network constructed for this dataset. Different colours were used to represent the five dysregulated pathways. The common genes between pathways are differentially expressed and the dashed line between two genes from distinct dysrugulated pathways denotes protein-protein interaction.
and growth [42] . The mutation of P85 and activation of Akt have been found in some primary tumours, including the pancreatic tumour [43] .
Furthermore, we applied NOA (Network Ontology Analysis) web tools [44] to identify enriched GO function for genes in our identified dysregulated pathways. The top 5 enriched GO biological processes for each pathway biomarker in pancreatic tumour dataset were listed in Table 9 . From the analysis, we found that those enriched processes, such as regulation of cell cycle, apoptosis and regulation of cellular component biogenesis, are most important biological processes in tumour progression, thereby implying the effectiveness of our proposed method. The identified enriched GO terms on the other three cancer datasets were listed in Additional file 3: Table S3 .
Discussion
Identifying biomarkers in complex diseases can help diagnose disease and design more effective drugs. The accumulation of "omics" data, especially gene expression data, makes it possible to detect biomarkers in a more efficient way [45, 46] . However, it is a challenging task to identify robust biomarkers from about 20,000 genes considering that complex diseases are usually caused from mutations of multiple correlated genes or failure of certain subsystems rather than individual genes. Traditional methods detecting differentially expressed genes as biomarkers failed to work in some cases due to the independent assumption among genes, whereas complex diseases generally affect a set of functionally related genes.
In this paper, we proposed a novel method to identify dysregulated pathways in cancer. Unlike the existing methods, our method considers the functional dependency between pathways by constructing a pathway interaction network. Benchmarking our method on several different cancer datasets demonstrates the effectiveness of the proposed method. The results on independent test datasets imply the robustness of our identified pathway biomarkers. Further analyses indicate that the dysregulated pathways that we identified are indeed involved in Table 9 The top 5 enriched GO terms for each dysregulated pathway in pancreatic tumour (GSE16515) dataset tumour processes, and some of these dysregulated pathways may serve as drug targets in the near future [37] . Therefore, the functional relationship between pathways can not only provide insights into disease mechanisms but also provide alternative ways to develop more efficient drugs.
Conclusions
In this work, we present a novel approach to identify dysregulated pathways in cancer based on a derived pathway interaction network that describes the functional dependency between pathways. The promising results obtained by our method indicate that the dysregulated pathways indeed have crosstalk with each other. The comparison between our method and other state of the art methods on multiple cancer datasets demonstrates that our identified dysregulated pathways can serve as robust biomarkers. We believe that our proposed method can help to predict new biomarkers and even drug targets in a more accurate and robust way.
